Objective: We report on a quantitative analysis of data from a study that acquired continuous long-term ambulatory human electroencephalography (EEG) data over extended periods. The objectives were to examine the seizure duration and interseizure interval (ISI), their relationship to each other, and the effect of these features on the clinical manifestation of events. Methods: Chronic ambulatory intracranial EEG data acquired for the purpose of seizure prediction were analyzed and annotated. A detection algorithm identified potential seizure activity, which was manually confirmed. Events were classified as clinically corroborated, electroencephalographically identical but not clinically corroborated, or subclinical. K-means cluster analysis supplemented by finite mixture modeling was used to locate groupings of seizure duration and ISI. Results: Quantitative analyses confirmed well-resolved groups of seizure duration and ISIs, which were either mono-modal or multimodal, and highly subject specific. Subjects with a single population of seizures were linked to improved seizure prediction outcomes. There was a complex relationship between clinically manifest seizures, seizure duration, and interval. Significance: These data represent the first opportunity to reliably investigate the statistics of seizure occurrence in a realistic, long-term setting. The presence of distinct duration groups implies that the evolution of seizures follows a predetermined course. Patterns of seizure activity showed considerable variation between individuals, but were highly predictable within individuals. This finding indicates seizure dynamics are characterized by subject-specific time scales; therefore, temporal distributions of seizures should also be interpreted on an individual level. Identification of duration and interval subgroups may provide a new avenue for improving seizure prediction. KEY WORDS: Epilepsy, Seizures, Finite-mixture modeling, Prediction.
Epileptic seizures are generally brief and self-limited electrical events, although the mechanisms responsible for seizure initiation, propagation, and termination are poorly understood. There have been several studies of the duration of focal seizure activity, both from scalp-based 1 and subdural recordings, 2, 3 mostly for the definition of the duration of events for the purpose of identifying status epilepticus. Although a range of seizure durations has been identified, it has been presumed that an even continuum of durations exists within some broad limits. Focal seizure activity causing impaired awareness has been considered to be a manifestation of longer electrical events involving larger regions of cortex, with briefer, smaller events remaining subclinical.
The duration of the interval between epileptic events, and whether these are patterned in any way, is also of interest. Interseizure intervals (ISIs) have been studied extensively, and although cycles of seizure activity associated with biologic rhythms (circadian and menstrual) have long been recognized, Poisson processes have often been thought adequate to describe the pattern of seizure occurrence, with departures perhaps explained by external factors. 4 Some authors have applied concepts from dynamic systems theory, including that of self-organizing criticality to study ISIs. 5 Other authors have noted more variability in seizure frequency than would be expected if their distribution followed a simple Poisson model, with overdispersion in series of seizure counts. [6] [7] [8] [9] [10] [11] If distributions characterizing seizure duration and ISI could be identified, and related to clinical outcomes (i.e., whether seizures are likely to be clinically manifest), this could improve the utility of prediction algorithms. However, there is no consensus on the most appropriate statistical model to describe the temporal dynamics of seizures. The aim of this work is to investigate the structure of seizures in an unsupervised fashion, without prescribing a particular shape of distribution to patterns of seizure occurrence. This approach enables general observations about seizure durations and intervals that will guide future attempts to characterize their distribution.
Until recently, available human electroencephalography (EEG) records have been of limited duration (~1-2 weeks). These records are typically obtained during presurgical assessment of hospitalized patients, often under artificial circumstances of sleep and medication withdrawal. Seizure dynamics in an ambulatory setting have been shown to vary significantly from those observed during hospitalization. 12 Our earlier seizure prediction study resulted in the creation of a large EEG data set containing records with unusually long duration. We report here on the investigation of this unique data set for relationships and structure in the seizure duration and interevent timing data.
Materials and Methods
We have previously described the procedures involved in this study. 13 Subjects with medically refractory epilepsy and reporting 2-12 seizures per month were selected for inclusion. Seizure-onset regions were identified for each subject on the basis of clinical, EEG, and imaging criteria. Subject demographics are described in Table 1 . Two silicone implantable lead assemblies, each with eight platinum iridium contacts distributed across two electrode arrays (16 electrodes total), were used to collect intracranial EEG from the cortical surface. Leads were placed regionally, unilaterally over the quadrant believed to contain the epileptogenic zone, as determined by prior EEG studies, imaging studies, and/or seizure eti-
Key Points
• Long-term, ambulatory intracranial EEG monitoring of focal epilepsy patients revealed distinct groupings of seizure duration and interseizure interval
• The number and position of seizure groupings was highly subject specific and were linked to seizure predictability
• Multiple distinct seizure populations implies that there are different onset mechanisms leading to alternate seizure trajectories of predefined length ology, via a small craniotomy. The leads were tunneled down the neck and terminated at a subclavicularly placed, titanium encased, hermetically sealed, implantable telemetry unit, which sampled 16 channels of EEG acquired at 400 Hz and wirelessly transmitted it to an external, handheld personal advisory device. The external, handheld personal advisory device received the telemetered EEG and stored it on standard flash memory cards for subsequent analysis. The personal advisory device deployed a seizure prediction algorithm that alerted the patients to their seizure likelihood (high, medium, or low). The sensitivity of each subjects' prediction algorithm for high seizure likelihood is shown in Table 1 ; for further details regarding prediction outcomes the reader is referred to Cook et al. 13 The personal advisory device also included a seizure-detection algorithm based on an unsupervised learning approach that identifies statistically significant outliers in EEG features associated with seizures.
14 The detection algorithm was biased for high sensitivity at the expense of specificity; this increased reviewer workload but helped ensure that events were not missed. An important component was that the personal advisory device also supported audio recording, both manually triggered by the subject for diary purposes, and also automatically activated when a seizure was detected. This aided in establishing a clinical correlate with EEG activity. Accumulated EEG was annotated by clinical staff and verified by study investigators utilizing subject diaries, handheld audio recordings, and results from the seizuredetection algorithm. Candidate seizure events were categorized as the following: clinically manifested with correlated EEG activity (type 1), with EEG pattern matching those of type 1 events but lacking confirmation of clinical manifestation (type 2), or EEG with seizure-like characteristics but differing from type 1 events and without confirmation of clinical manifestation (type 3). Clinically reported events that lacked EEG changes were excluded. Human review of all seizure-detection events eliminated the introduction of false-positive events. The seizure start and end times were also labeled by the clinical team. These times were used for the subsequent statistical analysis. The team conducting the statistical analysis was blinded to the EEG traces.
Statistical analysis
We assessed the data using several different but overlapping methods in order to build confidence in our results. Scatter plots were used to visually highlight the presence of multiple versus single groups of seizure duration and interval. Histograms and kernel density plots were used to locate the peaks and discrimination points between multiple seizure groupings.
K-means clustering and finite mixture modeling (FMM) were used to quantify the groupings found using graphical methods. The target number of populations for each subject was predefined based on visual inspection of the scatter-plots and histograms. Both K-means clustering and FMM were applied independently to assign seizures to subpopulations. The FMM method assumed an underlying Gaussian distribution for each mixture component, whereas K-means cluster analysis is distribution independent. Good agreement between the seizure populations identified by these two distinct methods provides quantitative evidence for clusters of seizure duration and ISI. The level of agreement between K-means clustering and FMM was assessed using the similarity of population means, standard deviations, and the relative prevalence. Further details on the statistical analyses can be found in Tables  S1 and S2. Except for Table 2 , all results are reported in units of natural log of seizure duration and ISI. Reasons for transforming the data were several-fold. First, the log of time-to-event data and time duration data are somewhat closer to normal form than the raw data. Second, the range of the log-transformed data is considerably smaller than for the raw data, and thus may better exposes feature details. Table 2 shows a summary of all seizures by subject within our study population. Over our 15 subjects, the shortest mean duration was 9.58 s, and the longest was 2 min, the shortest minimum duration was 1.4 s, and the longest was approximately 49 s, and the maximum duration ranged from 91.8 s to around 8 min. The mean ISI ranged from 1.13 to 10.3 days, the minimum interval from about 3 s to 4.09 h, and the maximum from 11 to 90 days.
Results

Duration and interval populations
There were differences in both seizure duration and intervals when subjects with temporal lobe and extratemporal lobe seizure origins were compared. Durations (in seconds) ranged from 1.7 to 486 s for extratemporal onset, and 2.5-2,259 s for temporal onset. ISIs ranged from 2.7 s to 90 days for extratemporal, and 2.7 s to 37 days for those of temporal origin. The differences in mean were statistically significant when data were normalized by taking the natural logarithm. Statistical significance here was determined based on the degree to which the difference in means exceeded the standard error of that difference (95% confidence interval [CI] ).
Numbers of seizures during the entire study period, by subject, ranged from 10 to 1564 (excluding the seizure count for subject 12 who experienced around 4,000 type 3 seizures). The mean event rate, in seizures per day, on days when one or more seizures were observed ranged from 1.1 to about 9.0 (data not shown).
Figures 1A and B show scatter plots of the log of duration and the log of ISI for all seizures against time in the clinical trial. Each subpanel shows the scatter plot for a single subject. It is clear that the distribution of seizure durations and intervals is highly subject-specific. A striking observation is that there are strata of durations and intervals among some of the subjects. The clearest evidence of distinct duration groupings is with subjects 3, 8, 9, 11, and 13, although the effect is present in other subjects as well. There is also evidence of subjects where seizure intervals are separated into long and short groups, although this is not as pronounced as the stratification of durations.
The relationship between the event intervals, durations, and the clinical manifestations was complex. Generally, longer events were more likely to be clinical and recognized; the mean duration of clinically recognized events was 99 s against 82 s for electroencephalographically identical but unrecognized events, and 18 s for subclinical seizures. However, events of 7-8 s duration were often clinically recognized, and sometimes extremely brief events of 3 s were recognized. Conversely, subjects lacked awareness of some events of >100 s duration, and in one case of an event of >27 min.
The underlying distributions of seizures by subject were explored using histograms and kernel density plots, which are shown in Figure 2A and B. Figure 2A shows clear patterns portraying both unimodal and multimodal underlying distributions of seizure durations. Subjects 3, 8, 9, 11, and 13 show at least bimodal density patterns. On the other hand, subjects 1, 2, 6, 12, and 15 each show strong unimodal seizure duration distributions. Using a combination of Kmeans clustering and FMM, seven subjects were found to have multimodal population seizure duration of either two or three distinct populations. The population statistics for these seven subjects are shown in Table S1 along with plots showing the clustering results ( Figure S1 ). Figure 2B shows histogram and kernel density plots of the log of ISI by subject. Here we see strong bimodality in the interval distributions for subjects, 3, 7, 8, 9, 11, 12, and 13. Due to either sparsity of data (the intervals span much (Table 1) . Epilepsia ILAE (Table 1) . Epilepsia ILAE longer time ranges than the durations) or inherent monomodality, the remaining eight subjects show intervals with dispersed or single peaked distributions. The population statistics for the seven subjects with bimodal distributions are shown in Table S2 along with plots showing the clustering results (Fig. S2) .
The most striking feature of the cluster analysis was the correlation between subjects in whom the sensitivity of seizure prediction was better than 0.8 (Table 1 ) and the number of seizure subpopulations. Those with predominately one-seizure duration population fell entirely into this category, including the two subjects in whom a sensitivity of 1.0 was reached (p = 0.001 using Fisher's exact test, see Cook et al. 13 ). Figure 3 plots the log of duration (y-axis) versus the rank order of the duration value over the entire data recording, using subjects 8 and 9 as examples, a powerful method of visualizing the break points between different seizure populations, as well as their mean, standard deviation, and relative proportion. For subject 9, note that clinically recognized events occur almost exclusively in the longer duration population; however, the longest event was without clinical correlation (type 2). Subject 8 conversely demonstrates that clinical events can overlap with subclinical events, with the briefest event being clinically identified.
The relationship between durations and intervals
We explored the relationship between the seizure durations and ISIs with subjects exhibiting multiple populations. Figure 4 presents quadrant plots that highlight the potential relationship between seizure durations and ISIs for three subjects. Subjects 3, 8, and 9 ( Fig. 4B-D) were chosen to highlight differing features in the relationship between duration and interval populations and seizure classification. For comparison, Figure 4A shows a subject with mono-modal interval and duration distributions, where the notion of seizure quadrants does not apply. A quadrant plot for every subject is provided in Figure S3 . Figure 4B shows the quadrant plot for subject 3. The highest clustering is in the lower left quadrant (short duration and short interval), and the most sparse quadrant is the lower right quadrant (short duration but long interval). All clinically recognized seizures are in the upper two quadrants (long duration), and of these, mainly in the upper quadrant associated with long intervals. Figure 4C shows the quadrant pattern for subject 8. In contrast to Figure 4B , each quadrant shows clinically recognized seizures, although there are few subclinical seizures in the entire plot. On a proportional basis, clinical and recognized seizures are heavily associated with longer duration seizures. Figure 4D shows the quadrant pattern for subject 9. For this subject different seizure grouping were strongly associated with seizure type (subclinical seizures occupying the lower two quadrants, and clinically equivalent or clinically correlated seizures in the upper right). Figure 4D also seems to demonstrate some correlation between duration and interval, although this is primarily because the upper left quadrant was virtually devoid of events. This quadrant contains longer seizures followed by shorter intervals, which is somewhat counterintuitive; although the quadrant plots for subjects 3 and 8 did show reasonable counts of seizures here (Fig. 4B, C) . However, the implication of upper left quadrant seizures was equivocal, with subject 3 containing mainly subclinical seizures here, while subject 8 had clinical and recognized seizures in the left upper quadrant.
Logistic relationships
In our review of the quadrant patterns we explored logistic relationships between intervals and durations, in addition to determining the relationship to clinical manifestation (clinical, clinically related, or subclinical) of events. Durations and intervals were dichotomized into two populations (short and long) based on divisions identified using Kmeans analysis. We then tested the hypothesis of "no impact on interval length (short or long) based on whether the preceding seizure duration was short or long." Note that this analysis was possible for only subject 3 (Fig. 4B ) and subject 9 (Fig. 4D) , as the data for other subjects were too sparse. Reported relationships were significant (p < 0.05, based on confidence intervals), unless indicated otherwise (Table S3) .
Subject 3 was shown to be over three times more likely to have a short interval following short duration seizures than those from the longer duration population. Including the seizure classification in the logistic regression was found to alter this relationship, implying the relationship between seizure duration and type is relevant to predicting the proceeding interval. In particular, clinical and recognized seizures were followed by the longest seizure-free interval, and subclinical seizures were most likely to be followed by a short interval. A similar regression was performed for subject 9 (Fig. 4D) . With regressing the interval and duration logistically we found that the odds of a short interval were more than eight times higher if the preceding seizure was from the short duration population. The exact log odds values obtained for the regression of seizure duration and ISI observations, both with and without inclusion of seizure type, can be found in Table S3 .
Discussion
This study showed that the preceding interval and duration of human focal seizures are clustered around distinct modes, rather than demonstrating a uniform distribution. Furthermore, the number and position of seizure populations is subject specific, although some general observations were made regarding the number of peaks and the relationship between interval and duration distributions.
Implications for seizure mechanisms
The presence of multiple clusters of seizure durations is consistent with earlier observations by Stevens 15 and Suffczynski. 16 Identification of specific seizure duration subpopulations indicates that the seizure duration in many subjects is structural as opposed to purely random, and that there is a deterministic pattern of events that is initiated at the onset of a seizure, with seizures persisting for one of a number of set periods. In earlier work, we noted that the seizure duration had a significant relationship on a pattern of a triggering stimulus in an animal model. 17 In that study, the maximal-electroshock stimulated seizures appeared to run a deterministic time course, with a predictable duration that depended on the initiating stimulus. This notion is supported by the findings of Trucculo et al., 18 who demonstrated a strikingly similar firing pattern of neurons during consecutive seizures in humans. This earlier study is evidence that, once initiated, seizures run a preset trajectory. Duration and interval analysis. Scatter plot of natural log of seizure duration against natural log of interseizure interval for four representative subjects. Plot colors indicate seizure classification; red, clinically recognized events; blue, electroencephalographically identical but unrecognized events; and green, electroencephalographically distinct subclinical events. Solid black lines are cut points identified using Kmeans clusters. The lines represent a weighted sum of the population means, which were weighted by the relative standard deviation and proportion of each population. (A) Subject 1 demonstrates a single dispersed population of events. (B) Subject 3 demonstrates two populations of seizure durations (division at 1.9) and intervals (division at 6.6) which fall into four quadrants. (C) Subject 8 demonstrates two populations of seizure durations (division at 3.7) and intervals (division at 9.9), which fall into four quadrants. (D) Subject 9 demonstrates two populations of seizure durations (division at 3.3) and intervals (division at 7.6), which fall into three quadrants.
Epilepsia ILAE
The causes of multiple distinct seizure durations within and between subjects are not clear. Earlier studies have shown that clinically detected events have slightly different durations depending on whether awareness is impaired; however, there is noted significant overlap of event durations. 1 A number of mechanisms have been proposed to cause seizure cessation, including physical and biochemical changes, 19 which may be observable as changes in coupling coefficients or network characteristics, including both changes in clustering coefficients and path lengths. 20 Differing durations could also relate to varying onset mechanisms, multiple seizure origins, or different trajectories of seizure evolution from a single focus within the same network, with changes in coupling strength resulting in amplification by involvement of additional network components. There are relatively few existing studies analyzing seizure durations over the long term, because of the difficulties in obtaining quantitative estimates of duration. 21, 22 Previous results have shown that events of temporal origin were generally longer than extratemporal events. 2, 3 The current work confirms this observation, reflecting potentially that differing networks are involved for seizures belonging to populations of different duration. However, further investigation is required to examine whether different functional networks are involved in the distinct duration populations.
The presence of distinct durations also suggests that seizures do not end due to depletion of energy or from a process of fatigue often speculated on as the mechanism of cessation, 23 which would result in a more uniform distribution of seizure durations. In addition, our results showed no linear association between seizure intervals and durations, which indicates that a long buildup is not followed by a proportionally longer discharge. However, in the two subjects in which it was possible to investigate the logistic relationship between seizure interval and duration, it was shown that short duration seizures were more likely to follow short intervals and vice versa. Studying association at the level of seizure populations may be more relevant to predicting durations; however, it requires large numbers of seizures recorded for each patient. The striking differences in the configuration of seizure populations between different subjects (Fig. 4) indicate that this analysis should be performed on an individual basis, rather than by aggregating the seizures of multiple subjects. The presence of a logistic relationship between seizure duration, interval, and type warrants further investigation, particularly as long-term data on individual's seizures become more readily available.
Clinical implications
It would be natural to assume that the likelihood of an event being clinically recognized would bear a linear relationship to the duration of an event. Although longer events were more likely to be detected by the patient they were often identified only through audio recordings, conversely brief events could be clinically manifest and also recognized by the patient. The disparity between patient reported events and detected events has been noted previously, initially demonstrated in the artificial setting of the video-EEG monitoring unit, 12 and later confirmed in a long-term ambulatory study. 13 Temporal and extratemporal origin events shared these characteristics, although they seemed as likely to be clinically recognized in either category.
A common clinical question, and an observation often made by patients, is whether seizures that occur after a long interval of seizure freedom are more severe, as measured by seizure type or duration, than events more closely spaced. Certainly for some individuals this seems to be true, with longer intervals more likely to be associated with clinically significant events, as shown in Figure 1 ; however, this is not without exceptions.
It is interesting to note that all subjects with multimodal distributions of seizure duration also showed multimodal interval distributions. The subjects with multiple seizure populations also had poor prediction results in our earlier study. 13 It is possible that seizures belonging to different duration groups have different preictal dynamics, which confounded the prediction algorithm. This result further supports our hypothesis that distinct seizure populations are the result of different onset mechanisms. Prediction algorithms could account for a distinction between seizure origins, for instance by training multiple classifiers. From this study, it was apparent that the various seizure populations were evident early in the period of data acquisition for most patients, raising the possibility that susceptible subjects could be identified quickly, potentially from scalp EEG recordings.
Another intriguing possibility is to use a potential relationship between seizure type, duration, and interval in prediction. For instance, if there is a relationship between the interval or duration and the following seizure type, then these distributions can be used to estimate the probabilities of the next seizure being clinical or subclinical. A relationship between duration or type and the following interval could also improve predictive accuracy. In this study, it was possible to identify such relationships in only two subjects; however, we speculate that this result would be borne out over a longer data collection phase. In the future, long-term recording of ISIs and durations may improve the utility of existing prediction algorithms.
Our study had a number of limitations; the subjects had refractory epilepsy, were on multiple antiepileptic medications, and in many cases subjects had previous epilepsy surgery. Consequently they may not be representative of the general population of epilepsy patients. It is also conceivable that the process of presenting seizure likelihood data to the patients itself influenced the pattern of seizures, although this seems unlikely. A possible error source in the data analysis was telemetry dropouts, where the electrical recording was temporally interrupted. The majority of dropouts had a duration of <2 s, and thus did not limit our ability to record seizures. Further testing performed to confirm data dropouts did not impair the ability to record epileptic activity (see Data S1). There may be other errors related to seizure classification, as we relied on audio data to confirm that otherwise unrecognized events were clinically relevant, which may still underestimate the number of clinically relevant events. Nevertheless the findings here reveal many unexpected aspects of epileptic seizures, a number of which could lead to even more accurate seizure prediction, as well as better understanding of the underlying biology.
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